This study was aimed to establish regression models for the relationship of Canopy Projection Area (CPA) with carbon stock of intermingled canopy trees of dominant species for the prediction of above-ground carbon stock. Manual delineation of CPA of intermingled canopy trees of the dominant species was carried out using GeoEye Satellite Image. Diameter at breast height of trees were measured in 56 sample plots. The above-ground dry biomass of trees was calculated from the field measured DBHs using allometric equation while the above-ground carbon stock of the trees were obtained by multiplying their dry biomass with the factor 0.47. Individual basal area of intermingled canopy trees was calculated separately and was summed up (ΣBA) along with the summation of their carbon stock (Σcarbon). Correlation analysis was carried out to assess the linear relationship between CPA, DBH, BA, biomass, and carbon stock. Four types of functions, viz., simple linear, quadratic, logarithmic and power were used to fit the data using least square regression method. Shorea robusta, Schima wallichii and Terminalia alata were found dominant tree species in the study area. The relationship of CPA with ΣBA and Σcarbon of intermingled canopy trees of Shorea robusta was found to be linear with R 2 of 0.29 and 0.25 respectively. Simple linear regression model resulted in the least error for the prediction of carbon stock of intermingled canopy trees. The identified simple linear regression models having the least error are not applicable for the prediction of above-ground tree carbon stock of broadleaf forest in hilly terrain.
Modelling the relationship between canopy projection area and above-ground carbon stock of intermingled canopy trees using high-resolution satellite imagery S. K. Shah 1* and H. Acharya 1 F orest has an important role in global carbon cycle that covers over one-fourth of the world's geographical area. It accounts for 289 gigatonnes (Gt) of carbon in its biomass (FAO, 2013) . Nevertheless, deforestation and degradation of forest especially in developing countries for agriculture are causing 20-25 per cent carbon emission (CIFOR et al., 2009 ). Abatement of forest-based emission is critical to limit global warming that contributes to unprecedented climate change. REDD and REDD+ mechanism have become central efforts to combat climate change due to anthropogenic activities in developing countries (UNFCCC, 2010) . In addition, forest carbon would be traded as commodity goods in an emerging international voluntary carbon market to offset carbon emission by corporate or business houses (Gibbs et al., 2007) . Different methods have been piloted and tested to estimate forest carbon at large scale that requires for effective implementation of REDD+ and carbon trade among others. Highresolution satellite image has been researched for the estimation of forest carbon using regression models.
Remote Sensing (RS) has been used as an important technique to estimate biomass at a larger scale. It acquires data using different sensors, e.g., Optical or Radio Detection and Ranging (Radar) or Light Detection and Ranging (LiDAR) aboard satellite or aircraft. The strengths of the techniques are to provide spatially explicit information and repeated coverage including the possibility of covering large areas as well as remote areas that may be difficult to access. Three major RS techniques have been evolved to estimate forest carbon, viz. i) Optical RS, ii) Radar RS and iii) LiDAR RS.
High resolution satellites such as Quick Bird, IKONOS and World View are capable of sensing biophysical parameters of trees such as crown dimension which correlate directly with biomass (Gonzalez et al., 2010) . High resolution satellite data have become available anywhere in the world because of rapid advances and decreasing cost (Asner, 2009 ). The cost is further justifiable for the initial carbon stock estimation and to meet Intergovernmental Panel on Climate Change IPCC 'Tier 3' standard which ensures the higher level of accuracy and lower level of uncertainty (Patenaude et al., 2005) . It has potential to higher financial returns for monitoring and verifying carbon stock and emissions (Gibbs et al., 2007) .
This study investigated the relationship between Canopy Projection Area (CPA) of intermingled canopy trees manually delineated from the image and their above-ground carbon stock using correlation and regression analysis. The intermingled canopy trees can be defined as a group of trees whose canopies overlap or mix together. Individual tree in intermingled canopies has the competition for crown expansion from the branches of adjoining trees. Regression models were established using CPA as a predictor for the prediction of above-ground carbon stock of intermingled canopy trees.
Materials and methods

Study area
This study was carried out in Khayarkhola Watershed located in Chitwan District of Central Nepal (Fig. 1) (Panta et al., 2008) . The altitude of the site ranges from 300 m to 1,200 m above mean sea level.
Research hypothesis
Ho: There is no significant (95% confidence level) relationship between the CPA and the ΣBA, the CPA and the Σbiomass, the CPA and the Σcarbon of two or more intermingled-canopy trees.
Field data collection
Stratified random sampling was followed to design sample plot (Mitchell and Popovich, 1997) . Individual community forest was considered as a stratum. The sample size was calculated at probability level of 5% and allowable error of 10%. The sample size was allocated to the individual community forests proportional to their areas and at least two sample plots were maintained in each stratum; altogether, 63 sample plots were laid out. Sample plots to each stratum were located randomly using ArcGIS 2010.
At sample plot location, circular plots with 12.62 m (500 m 2 area) radius were demarcated (Husch et al., 2003) . Within the circular plot, DBH (≥ 10 cm) of intermingled canopy trees recognized in the image (Brown, 2002; Clark and Clark, 2000) were measured and coordinates were recorded using iPAQ. Measurement of trees was carried out in 56 sample plots out of the total 63 sample plots. The remaining sample plots could not be reached due to inaccessible terrain and time limitation.
CPA delineation
Orthorectified GeoEye images acquired on 02 November, 2009 were used. The panchromatic image of spatial resolution 0.50 m and MSS images of spatial resolution 2 m were fused using ERDAS IMAGINE 2010. The 3x3 low pass filter was applied to the fused image to enhance image information content. Filtered images were rotated to 180 o to have better view of tree crown. Sample plot shapefile and tree point shapefile were overlaid in the image. The CPA of intermingled canopy trees was digitised at 1:250 scale manually using polygon construction tool in ArcGIS 2010. There was about 10-11 months lag between image acquisition and field data collection. Data was collected in September-October, 2010. It was assumed that diameter at breast height (DBH) of the tree (≥10 cm) would not have increased significantly in the period.
Data analysis
The above-ground dry biomass of intermingled canopy trees of the dominant species was calculated from their field-measured DBHs using allometric equation. Among the biophysical parameters of trees, DBH is an important predictive variable (Leboeuf et al., 2007) which alone explains more than 95% variation in biomass (Gibbs et al., 2007) . Biomass of all trees in one intermingled canopy group was summed up (Σbiomass). The total carbon (Σcarbon) of intermingled canopy trees was calculated from Σbiomass using the conversion factor 0.47 (IPCC, 2006) . Individual basal area of interminlged canopy trees of the dominant species were calculated from their DBHs separately using the formulae (Hedl et al., 2009) . Basal area of all the trees in one intermingled group was summed up (ΣBA).
The data were observed in scatter plot using CPA as the predictor and ΣBA, Σbiomass, Σcarbon as response variables. Scatter plots can reveal nonlinearity, suspected outlier and unequal variance. The dataset were randomly divided into two sets: 60% for model building and another 40% for model validation after excluding the outliers (Gill et al., 2000) . Pearson's productmoment correlation coefficient was calculated to see the strength of linear relationship between CPA and ΣBA, Σbiomass, Σcarbon. Simple linear, quadratic, logarithmic and power function were used to develop regression models for the relationship of CPA with ΣBA, Σbiomass, Σcarbon. The significances of regression coefficients were assessed by t-statistic and the significance of regression models were assessed by F-statistics at 95% confidence level. Root mean square error (RMSE) was used for the comparison of predictive accuracy of the models (Gill et al., 2000) . The identified significant model based on F-statistics were validated using 40% independent dataset for the calculation of RMSE.
Results and discussion
A total of 146 trees of 12 different species were found in a two-intermingled canopy situation in the sample plots in the field. Out of total the two-intermingled canopy trees, 122 trees were pure intermingled canopy trees and the rest 24 were mixed (different species) intermingled canopy trees. A total of 6 species, namely, Adina cordifolia, L. parviflora, S. wallichii, S. anacardium, S. robusta and T. alata were found to have occurred in pure intermingled canopy situation. The other 6 species were intermingled with different species. In the category twointermingled, S. robusta species had the largest number followed by S. wallichii and T. alata.
The dominant S. robusta trees were found to be in pure intermingled canopy situation with two trees, three trees and four trees. The set of two, three, and four intermingled canopies were 51, 23 and 2 respectively. The total number of trees resulted in 102, 69 and 8 trees with two, three and four intermingled canopy situation respectively (Fig. 2) . No other species were found to be in pure intermingled canopy situations especially with more than two trees. The two and three intermingled trees of S. robusta was the only trees taken for analysis. The two and three-intermingled canopy trees were treated as one set of data as it was not possible to differentiate between two and three-intermingled canopy situations in satellite image.
Fig. 2: Number of intermingled canopy trees of S. robusta
Exploratory data analysis
The descriptive statistics of ΣBA, Σbiomass, Σcarbon and CPA of intermingled (two and three together) canopy trees of S. robusta are presented after removing outliers in table 1.
Graphical analysis of the relationship between CPA, BA, biomass and carbon using scatter plot
The scatter plots of explanatory variable CPA with response variables ΣBA and Σcarbon of two and three intermingled trees of S. robusta are shown in figure 3 . The overall pattern of the scatter plots show that there was positive linear relationship of CPA with ΣBA and Σcarbon. Nonlinear pattern was not found distinctly. The strength of relationship between them would be confirmed by calculating correlation coefficient.
Correlation analysis
Pearson's correlation coefficient was calculated using R software to analyse the strength of linear relationship of ΣBA with Σbiomass and Σcarbon. The correlation of ΣBA with Σbiomass and Σcarbon are presented in table 2. The correlation of ΣBA with Σbiomass and Σcarbon was found to be highly significant (p< 0.001). In addition, the calculated t-values are higher than tabulated t-values at 5% significance level (Winer, 1962) . According to t-test, the null hypothesis is rejected. Therefore, there is significant relationship between the CPA and ΣBA, the CPA and Σbiomass, the CPA and Σcarbon of two and threeintermingled canopy trees. However, the strength of linear relationship between them was not found to be strong (<0.7). The tabulated t-values for 40 degrees of freedom are taken into account as t-values are mentioned for 40 and 50 degrees of freedom in student's t distribution table and the tvalues are not mentioned for degrees of freedom between 40 and 50 (Winer, 1962) . Table 3 shows the regression models for the relationship of CPA with ΣBA, Σbiomass and Σcarbon of S. robusta. The randomly divided 60% dataset were used to fit linear, quadratic and logarithmic function regression models using SPSS Software. Similarly, power function regression model was developed from the data using XLSTAT 2010 Software. The regression models were validated using 40% independent dataset. The regression coefficients of quadratic and power function models were found to be not significant. The power function was not taken for further analysis whereas the quadratic function model was taken because of deliberate introduction of collinearity between CPA and CPA2. The simple linear, quadratic and logarithmic models The correlation results rejected the hypothesis -Ho: There is no significant (95% confidence level) relationship between the CPA and ΣBA, the CPA and Σbiomass, the CPA and Σcarbon of two and threeintermingled canopy trees. For quadratic function model, adjusted R 2 is mentioned because R 2 get inflated by increasing the parameters in the model. In the other models, R 2 is mentioned since they have only one parameter. Significance levels are p< 0.05*, p < 0.01**, and p < 0.001***. Regression coefficients were tested for significance (p<0.05) using t test.
Regression analysis
were found to be significant (p<0.05) based on F statistics. The simple linear model was found to have the least error for prediction of carbon compared to the other function models.
Scatter plots with the linear regression equations
Regression equations with coefficients of determination are shown in scatter plots (Fig. 4) for the selected simple linear models. The scatter plots revealed that relationships between the parameters were weak. These plots do not show any distinct nonlinear pattern. The regression coefficients of power function models were not found to be significant (p<0.05). This suggested that there was no significant and strong power function relation between the parameters. The regression coefficients in simple linear and logarithmic were found to be significant (p<0.05). However, the coefficients in quadratic model were not found to be significant. This could be because of deliberate introduction of collinearity between CPA and CPA2. Based on the lowest value of RMSE, the regression results suggested simple linear relationship between CPA, ΣBA, Σbiomass and Σcarbon separately (Table  3 ). The scatter plots of regression equations do not show any distinct nonlinear pattern between the parameters.
The CPA and ΣBA relation was found to be comparable with the study done by Mitchell and Popovich (1997) . He analysed the relationship between basal area of trees per unit land area and canopy cover (%) in Ponderosa pine forest and demonstrated a straight line relationship between them below 60% canopy. Bartelink (1996) also found the linear relationship between CPA and BA of Douglas fir in single tree situation, whereas this study found a linear relationship between CPA and ΣBA in intermingled canopy trees.
Simple linear relationship was shown applicable to the above-ground biomass estimation (ton/ha) of forest stands using BA (m 2 /ha) of forest stands (Chiba, 1998) . However, there is no literature available that investigated the relationship between CPA, ΣBA and Σbiomass or Σcarbon in intermingled canopy situation. In order to explain the query, why linear relationship was found between ΣBA and CPA in intermingled canopy situation? The authors would like to strengthen their understanding based on field experiences and some logic. It is important to understand stand alone and intermingled canopy trees situation in the field. The stand alone and two-intermingled trees are shown in figure 5 . The degree of intermingle has not been taken into account. Once tree canopies were not visible as stand alone (completely separated canopy from any other canopies surrounding to it), those were considered as intermingle canopy even without their branches considerably intermixed together like in the situation in figure 5 . This degree of intermingle affects the CPA considerably but has no effect on the DBH.
Another important factor could be the competition or crowding between the trees. Trees crown development was found to be negatively affected by competition from neighbouring tree crowns (Larocque, 2000) . It is reasonable to assume that a group of intermingled canopy trees is similar to a stand alone in terms of competition and CPA. When branches of trees touch or intermingled with one another, they fall under intermingled group. Since the forest in the study area did not have 100% canopy cover, most of the intermingled trees were isolated as a group without competition from surrounding trees. It can be assumed that due to the intra competition within intermingled canopy trees for canopy expansion, they start extending canopy on edges in order to compensate for the overlap area. This is shown in figure 5 where they are extending their canopies even with larger area than the overlapped one. It is thus plausible that canopy area is still growing without diminishing the rate of growth when we consider CPA of intermingled group as a whole. Following the logic mentioned in above paragraph for CPA and ΣBA relation, the linear relationship between CPA and Σbiomass or Σcarbon is also maintained. Further, it appears that intracompetition in intermingled situation affects individual canopy area as well as diameter of trees. As a result, different sizes (DBH) of trees are found in the intermingled group. Therefore, the sum of carbon of all individual trees relate linearly with their intermingled canopy area.
Model comparison and error in prediction of carbon
The difference of RMSE between the three regression models, viz., simple linear, quadratic and logarithmic in intermingled canopy trees of S. robusta was not large. Nonetheless, simple linear regression model was found to predict, viz., ΣBA, Σbiomass or Σcarbon with the least error ( Table 4 ).
The prediction of carbon from CPA was found to have high error with RMSE 58.52% (Table  4) . This error increased substantially compared to the prediction of basal area, i.e., from 49.25% to 58.52% (Table 4) . It is further evident that the use of allometric equation for the calculation of biomass is an important factor for this incremental error including the error in the vertical projection area of CPA in the image and CPA delineation. The models for CPA versus biomass are not mentioned as R 2 and RMSE% value are same with the models of CPA versus carbon (Table 4) .
Error in CPA delineation
A set of rule, i.e., rotating image to 180 o , visualized in RGB 132, fixing scale at 1:250 was followed consistently for the manual delineation of CPA on low pass filtered pansharpened image. But precise digitisation also depends on canopy architecture (Browning et al., 2009) . The shape of crown of the broadleaf species (Fig. 6) is very irregular compared to needleleaved trees. Because of irregular pattern, manual digitisation becomes too difficult to avoid error.
In intermingled canopy situation, where the crowns of two or more individual trees touched or overlapped, it was found difficult to identify from a top-down perspective whether the image object represent two, three or more tree crowns. This problem was handled with the help of information of sample plot location, intermingled canopy trees outline in the JPEG print out of image and the coordinates of the measured trees.
Another important point that caused error in CPA delineation was the fuzziness of boundary of the canopy (Fig. 6 ) in the image. In the forest, reflectance of other vegetation, i.e., ground cover, understory shrubs, trees further creates noise for the reflectance of top canopy dominant trees. The boundary of the dominant trees is no longer remained crisp. We can imagine the crisp boundary of tree crown in the case of roadside plantation where trees are usually lopped, well trained and surrounded with man-made geographic objects.
The month of image acquisition also contributed to fuzziness of the boundary of dominant tree canopy. The image was acquired in November when the selected dominant species, which are semi-deciduous, start shedding their leaves. As the amount of leaves in the tree crown decreases, understory vegetation reflectance get space to appear in the scene. This further exacerbates the fuzziness of tree crown edges.
The third important point is the presence of shadow in the image (Fig. 6b) . Mountainous topography further causes to increase the shadow in the scene. Shadow particularly obscured canopy area (Wulder et al., 2004) as shown in figures 6 (a) and (b). Table 5 indicates the sources of error and its influence on different steps of modelling the relationship between CPA and above-ground tree carbon. Propagation of error in modelling steps from different sources causes poor prediction of carbon from CPA.
Sources of error and its influence on modelling steps
Conclusion
The above-ground carbon stock of intermingled canopy trees cannot be estimated by using manually delineated CPA from GeoEye Satellite Image. The simple linear regression models having the least error are not applicable for the prediction of above-ground tree carbon stock of broadleaved forest in hilly terrain as the models have poor R 2 which is mainly caused by error in vertical projection area of tree canopy because of low sun angle and shadow in the scene. This is further exacerbated by the mountainous topography of the study area. In addition, manual delineation of CPA has been affected by the fuzziness tree crown boundary in the image.
Recommendations
• Local species specific allometric equation should be used to improve model accuracy for the prediction of above-ground tree carbon.
• It is recommended to validate CPA (delineated from very high resolution satellite images) using field measured CPA.
• Large dataset of tree parameters need to be • Further studies are required to estimate aboveground carbon stock of trees accurately using other remote sensing method like airborne LiDAR.
